ABSTRACT The increasing high penetration of wind power will further increase the uncertainty in power systems, and three key issues should be addressed: 1) determining the maximum accommodation level of wind power without sacrificing system reliability; 2) quantifying the potential risk when the wind generation realization is beyond the prescribed uncertainty sets; and 3) how to reduce the risk loss. Motivated by these, a risk-based two-stage robust unit commitment (RUC) model is proposed to analyze the admissibility of wind power. In this model, the electricity storage system (ESS) is utilized for managing the wind power uncertainty to reduce the risk loss. Different from a determined uncertainty set in the previous RUC, the proposed method can flexibly adjust the uncertainty set by optimizing the operational risks including the wind spillage risk and load shedding risk. Conditional Value-at Risk (CVaR) is adopted to describe the risk loss when the real wind power output is beyond the predefined uncertainty set. Meanwhile, the low-probability, high-influence events are taken into the account based on CVaR to determine the optimal acceptable wind generation considering the tradeoff between reliability and economics. The proposed model is solved effectively by the modified column and constraint generation method. Case studies on two benchmark systems illustrate that the ESS can reduce the risk loss of power system and improve the ability to accommodate the uncertainty of wind generation.
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NOMENCLATURE

Sets: B
Set of all buses. D Set of loads.
D b
Set of loads in bus b. G Set of thermal units. Phase angle of bus b in period t.
Functions:
C gt Production cost function for thermal unit g in periodt. S gt Startup cost of thermal unit g in periodt.
I. INTRODUCTION
The increasing integration of large-scale wind power has made achieving the unit commitment (UC) of bulk power systems a challenging task [1] . The UC module determines the online units and their dispatch strategies. Meanwhile, it is responsible for assigning a sufficient number of flexible resources to accommodate the uncertainty of wind power [2] , [3] . When these flexible resources cannot address the uncertainty, load shedding or wind spillage is implemented [4] . Therefore, it is essential to find optimal approaches to assign sufficient flexible resources for wind power accommodation while maintaining high operational reliability. VOLUME 6, 2018 A variety of optimization technologies have been proposed to address the uncertainties in UC. These technologies can be roughly categorized into two types: deterministic optimization (DO) methods [5] and stochastic optimization (SO) methods [6] . In DO, the spinning reserve is usually assigned as the capacity of the largest online unit, a percentage of the maximum load or their combinations [7] . Although the DO approach is easy to implement, they can hardly capture the varying characteristics of wind power accurately, which may require a large amount of reserve capacity to address the uncertainty of wind generation, thereby producing suboptimal solutions [8] , [9] . Theoretically, the SO methods can improve the expected performance of UC under uncertainties [10] . However, the performance of SO method might not be guaranteed since some scenarios with a high impact may not be included in the process of scenarios generation. Moreover, the computational burdens will increase significantly with the increasing number of scenarios, especially when the coupling power grid constraints are involved.
To circumvent the above problem, robust unit commitment (RUC) is developed as it can generate robust optimal strategies that ensure the feasibility of the solution for all possible realizations of uncertain wind generation with a given uncertainty set [11] . The RUC model can usually converge quickly. However, RUC methods may make over-conservative decisions as the considered worst-case scenario may not always actually occur. In addition, with the increasing penetration of wind generation, the flexible capacity of power system is limited, and feasible solutions may not exist if the uncertainties of wind generation are beyond the re-dispatch capacity of flexible resources. References [12] and [13] discuss that the actual deviation of wind generation in real time operation is even six to eight times more than the day ahead predictive standard deviation. Therefore, fast start generators or fast ramping capacities with relatively high prices will be employed to cope with the real time uncertainties of wind generation. Otherwise, load shedding or wind spillage will be implemented. Ignoring the high-risk low-probability scenarios may fail to accommodate wind uncertainty and thus reduce the reliability of the system. Reference [14] gives the concept of do-not-exceed (DNE) limits, which are the maximum wind generation penetration ranges of power system without sacrificing system reliability. However, the DNE limit is derived under a given ED strategy instead of a given UC strategy, which may not be optimal for the accommodation of wind generation since it is restricted by the ED strategies. In [15] and [16] , a risk evaluation approach is proposed to quantify the risk loss due to the rare events beyond the pre-determined uncertainty set. However, it does not provide a solution for reducing the potential operation loss.
Energy storage system (ESS) offers a new approach for solving the problems of frequent start up and shut down of thermal generators. ESS can be considered a generation source in some periods and a load in others. ESS enables the reserve optimization to become increasingly significant, especially in the case of many nondispatchable energy sources [17] . The advantages of ESS include (but are not limited to) load leveling and peak shaving, smoothing power fluctuations, relieving transmission congestion, and deferring network upgrades [18] . At present, there are three main research approaches on ESS for large-scale wind integration: 1) the control strategy for the wind-storage system is developed to improve the dispatching ability of wind generation [19] ; 2) the scheduling problem is solved from the viewpoint of the centralized energy storage system in large-scale wind power system [20] ; 3) operation scheduling is formulated for a distributed ESS in a large-scale wind power system [21] . These references demonstrate that ESS significantly improves the capability of thermal units to accommodate the uncertainties of wind power through coordination between wind power and ESS.
Despite the aforementioned progress, three key issues should be addressed: (1) determining the maximum accommodation level that the thermal units and ESS can accommodate wind uncertainty without sacrificing system reliability; (2) quantifying the potential risk when the wind generation realization is beyond the prescribed uncertainty sets; and (3) reducing the risk loss. The first issue focuses on how to determine the boundary of the flexible uncertainty set while taking account of the geographical dispersion of multiple wind farms scattered in a vast area and the smoothing effect of wind power generation over the time scale. The second issue concerns how to seek a feasible UC solution to accommodate the uncertainties of wind generation even when low-probability high-risk events occur with the best tradeoff between reliability and economics. The last one concerns how to reduce the risk loss.
To address the above issues, a risk-based two-stage robust unit commitment (RTSRUC) model is proposed to evaluate the admissibility of wind power considering the ESS. Different from a predetermined uncertainty set used in the previous studies, the proposed method can optimize the admissible range of the wind power uncertainty set to achieve a better tradeoff between the risk loss and the operation cost. Meanwhile, the temporal and space correlations among wind farms are taken into consideration to overcome its overconservativeness. To reduce risk loss, ESS offers an appealing decision-making paradigm for power system optimization, which is utilized to cooperate with thermal units to improve the system adjustment ability in accommodating the uncertainty of wind power. Conditional Value-at-Risk (CVaR) is applied to describe the risk loss including the wind spillage (WS) risk and load shedding (LS) risk. In this way, the low probability high influence events can be taken into account based on CVaR. Moreover, the optimal wind generation accommodation value can be determined by balancing the reliability and economics. A modified column and constraints generation (C&CG)-based algorithm is applied to solve the admissibility problem efficiently. Compared with the existing works, the novelties of this paper are as follows.
1. A risk-based robust unit commitment model is formulated in which the risk loss is a constraint rather than as an objective function term in conventional RUC models. In this way, the operational risk is taken as an admissibility measure so that the admissible region can be determined in the sense of minimum operational risk created by the inadmissible wind generation. 2. A novel wind power polyhedron uncertainty set is constructed. The boundaries of the flexible uncertainty set of wind generation are decision variables in the first-stage of the RTSRUC model rather than parameters in the conventional RUC models. By optimizing the boundaries of uncertainty set in UC strategy, RTSRUC can assign the flexible resource of the power system without sacrificing the reliability. 3. The admissibility analysis is essentially a dynamic programming problem involving a multi-period decision making process. Therefore, the operational risk is integrated with UC strategy without any restriction on ED strategies. Mathematically, the RTSRUC model can be solved efficiently using the C&CG algorithm.
The rest of the paper is organized as follows. Section II describes the flexible uncertainty set, deduces the model of the proposed CVaR and formulates the value of storage. Section III formulates the RTSRUC model. Section IV presents the solution method. Section V demonstrates and discusses the numerical results of the six-bus system and the IEEE 118-bus system. Finally, Section VI concludes this paper. In the Appendix, some details about the mathematical formulations of CVaR are presented.
II. FORMULATION OF CVaR
A. ASYMMETRIC FLEXIBLE UNCERTAINTY SET
First issue is that what are the maximum ranges that the power system can accommodate wind generation without sacrificing system reliability? To address this issue, determining the uncertainty set is the crucial issue to formulate RUC model. The challenge of RUC is how to control its conservativeness under various uncertainty sets. References [10] and [22] give different descriptions of the wind power uncertainty set. To guarantee that the robust optimal solution is feasible, an asymmetric flexible uncertainty set is formulated in this paper, considering both the temporal and spatial domains. where the temporal budgets
and the spatial budgets
- [25] . The uncertainty set W forms a polyhedron based on (1). In the equations, (1a) depicts the wind power output, while (1b) and (1c) describe the uncertainty budgets over both the temporal and spatial domains, respectively. Selecting proper T and S values can result in a better trade-off between the robustness/conservativeness and the operation cost. The scale and the position of the uncertainty set W increase with increasing budgets T and S , which implies that the system can address a larger deviation from the forecast value. When T = 0 and S = 0, the uncertainty set W is 0, indicating that the wind power output is assumed to be its forecast value. Unlike the description of W in the literatures [23] - [25] , the proposed W in (1) includes flexible and adjustable variables according to the temporal/spatial budgets.
B. FORMULATION OF CVaR
Second issue is quantifying the potential risk when the wind generation realization is beyond the prescribed uncertainty sets? To address this issue, we deduce the formulation of CVaR.
The wind power prediction error is described as:
Assume that the wind power prediction error is subject to normal distribution, then w wt ∈ N (0, σ 2 w ). Fig.1 illustrates the diagram of the probability density function (PDF) of w wt .
As shown in Fig. 1 , Pr( w wt ) is the PDF of w wt . CVaR is used to represent the conditional mean of additional reserve requirement when the uncertainty exceeds the given regulation range, as shown by the red shading in Fig. 1 . Therefore, the CVaR of the system can be used to quantify the average loss due to the power fluctuations beyond the regulation scope of the system reserve.
If the actual wind power is larger than the upper boundary of the admissibility region of wind generation under the given UC strategy, the best choice of recovering a feasible operation point is to spill the excess wind power. The optimal average loss of wind curtailment can be calculated by
In (2b), f + wt indicates the expected wind spillage risk loss cost corresponding to the right red shading in Fig. 1 .
Note that (2b) is an integral function that is difficult to calculate because of its nonlinearity. To circumvent this problem, a piecewise linearized method can be applied [26] . Equation (2b) can be piecewise linearized as (2c)-(2d). The details of the mathematical derivation are given in the Appendix.
Similarly, if the actual wind power is lower than the lower boundary of the acceptable region of wind generation under the given UC strategy, the best choice of recovering a feasible operation point is to shed the load. The optimal average loss of load shedding can be calculated by
In (2e), f − wt indicates the expected load shedding risk loss cost corresponding to the left red shading of Fig. 1 .
Similarly, Equation (2e) can be piecewise linearized as (2f)-(2g).
Thus Equations (2b) and (2e) establish the relationship between CVaR that the system can accommodate wind generation and the range boundaries of that the system can provide. 
C. VALUE OF STORAGE
Third issue is reducing the risk loss. In this regard, we assign an ESS for each wind farm to lessen or eliminate the uncertainties of wind generation. The large-scale wind energy is integrated into the power grid in a decentralized manner; thus, the time-varying spatial (location) and temporal (time) uncertainties need to be managed. ESS can be treated as a generator in some periods, and as a load in others. Therefore, ESS can be seen as an energy buffer for the real-time balance between power generation and load (which is known as the relaxation variable in mathematics, and it is also called the regulation range in physics), and it is also a flexible energy source for each node to offer some autonomy as well as realize overall control. Therefore, ESS offers an appealing decision-making paradigm for power system optimization, which is used to cooperate with thermal units to provide additional reserve. The schematic diagram is shown in Fig. 2 .
Equation (3a) refers to the maximum and minimum limits of charge and discharge power. Equation (3b) defines the ESS transition function. Equation (3c) is the minimum and maximum capacity limits of ESS. Equation (3d) is the remaining energy limits of ESS at the end of the study horizon, which ensure the normal operation of ESS in the next study cycle. Equations (3e) are the charge and discharge status constraints, which ensure that ESS cannot be in charge or discharge at the same time.
III. MATHEMATICAL FORMULATION of RTSRUC MODEL
In this section, a two-stage adaptive robust UC model can be formulated based on the above description. RTSRUC aims to minimize the UC cost, ED cost and CVaR cost under the forecasted value of wind generation while guaranteeing the feasibility of dispatch strategy under the flexible and adjustable uncertainty set.
A. FIRST STAGE
The objective function of the first stage is to minimize the day ahead operation cost, startup cost, and the risk cost, which can be expressed as follows.
where S gt is a typical exponential startup cost function, i.e.,
and is further linearized using the piecewise linearization method with three segments [27] . C g (P gt ) is the quadratic production cost function. C g (P gt ) = a g P 2 gt + b g P gt + c g . Equation (4a) is used to minimize the total production cost. The first term represents the unit running cost of all conventional units. The second term represents the startup cost of thermal units. The third term is the sum of the operational risk cost including the load shedding cost (LSC) and the wind spillage cost (WSC). Constraint (4b) is the maximum and minimum generation capacity limits of thermal units. Constraints (4c) and (4d) are the ramping up/down rate limits of thermal units, respectively. Constraints (4e) and (4f) describe the minimum on/off period limits of generators, respectively. Constraint (4g) depicts the power demand balance of the system. Constraint (4h)
B. SECOND STAGE
In the second stage, the LS and WS are determined based on the worst-case dispatch strategy. Meanwhile, the asymmetric flexible uncertainty set of wind power is described. Given the first stage decision results u gt , W l wt and W u wt , a feasible responsive re-dispatch plan can be realized as follows:
f bk,t = 0, ∀b, ∀t
Eq. (1), (3b-3e), (4i-4l) VOLUME 6, 2018 Equation (5a) is the sum of the load shedding cost and the wind spillage cost. Constraint (5b) is the capacity limit of generators. Constraints (5c) and (5d) are the ramping capacity limit of generators. Constraint (5e) depicts the relaxed power balance requirement with recourse actions including LS and WS. Constraints (5f) and (5g) are the limits of LS and WS, respectively. Constraint (5h) is the node power balance considering LS and WS. Constraints (5i)-(5j) aim to limit the charge/discharge status of ESS during the peak periods and off-peak periods. After day-ahead UC decisions have been solved in Section III. A, (5i)-(5j) request that ESS can only be in charging status during the off-peak periods and only be in discharging status during the peak load periods.
IV. SOLUTION METHODOLOGY A. COMPACT MODEL OF RTSRUC
A RTSRUC model for addressing the uncertainties of wind power is formulated with equations (4) 
Second stage:
Equations (6) and (7) Due to the existence of (6a), no LS or WS will occur in the first stage, which guarantees the operational feasibility of u gt , u ch wt , and u d wt , as well as the admissibility of w u wt and w l wt . In (6) and (7), x represents the binary vector of generators. y and y represent the continuous vector of generators and the phase angle of each node. u represents the binary vector charge/discharge status of ESS.ẑ and z represent the continuous vector of charging/discharging power and the capacity of ESS. w represents the wind generation output boundary vector. Q represents the operational risk vector. srepresents the LS as well as the WS vector. v is the binary vector depicting wind generation uncertainty. a, b, c, d, e, f, g, h,  A, B, C, D, E, F, G, H, I , J, K, L, M, andN are constant coefficient matrices and can be derived from (4) and (5). For example, matrix A can be derived from (4b)-(4g). ' • ' in (7b) is a Hadamard product. Compared with RRUC, more variables and constraints are involved in RTSRUC. Specifically, w becomes a decision variable to be determined in the first stage, thereby considerably increasing the computational complexity inner-level problem.
B. INNER-LEVEL PROBLEM
The sub-problem has a max-min structure, which cannot be solved directly; thus, it needs to be converted into a singlelevel problem. In this paper, the strong duality theory [28] is used to transform the minimum inner optimization problem into a maximum optimization problem, using which the inner problem can be merged with the outer problem to form a single-level maximization problem.
where λ are dual variables for constraints (5b)-(5i). It is worth noting that a bilinear term exists in the objective function (8a):
The bilinear problem can be solved by either the outer approximation (OA) method [11] or the big-M linearization method [10] . As OA may fail to find the global optimal solution in some situations, the big-M linearization method is applied in this paper. It should be noted that the big-M method may face scalability issues since auxiliary binary variables and constraints are introduced to replace the bilinear problem. The compact formulation of the bilinear problem in (8) using the big-M method is as follows.
Thus, (8) can be converted into a standard single-level mixed integer linear programming (MILP) problem, which can be solved using the CPLEX commercial solver. The specific model is as follows:
where is the auxiliary vector. q is a constant vector and can be derived from (12) . Equations (10b)-(10d) are auxiliary constraints related to the big-M method.
C. C&CG ALGORITHM A standard single-level MILP problem is reformulated using the MP (6) and SP (11) . The C&CG is adopted to solve the two-stage robust optimization problem [29] - [31] . The specific ideas are as follows:
Step 1 (Initialization):
• Set UB = ∞, and LB = −∞, choose a convergence tolerance ε ≥ 0, and initialize the iteration number k = 0 and O = φ. Go to Step 2.
Step 2 (MP):
• Solve the MP (6) under constraint (6e). min
Denote its optimal solution by (
, and go toStep 3.
Step 3 (SP):
• For the fixed x k+1 , u k+1 and w k+1 , solve (11) , and update UB = min{UB,
Otherwise, k = k + 1 and return v * k+1 as an optimal solution to the problems (3a-3c) and (6e). Then, go to Step 4.
Step 4:
• Create the variables y k+1 and s k+1 , and add constraints (14a) and (14b) to the MP (6) under constraint (6e). Update k = k + 1 and O = O ∪ {k + 1}. Solve the updated outer-level problem, and go to Step 2.
V. CASE STUDIES
The validity and effectiveness of the proposed method are tested on a six-bus system and a modified IEEE 118-bus system. The six-bus system consists of 3 thermal units, 3 loads, 7 branches, and 1 wind farm, as depicted in Fig. 3 . All the parameters of thermal units, transmission lines and load demand can be found in [2] . A wind farm with a capacity of 250 MW is located at bus 4. The modified IEEE 118-bus test system has 53 units, 186 branches, 14 capacitors, 9 tap-changers, and 91 load buses [6] . Detailed 118-bus system data can be obtained from motor.ece.iit.edu/data/ SCUC_118. Three wind farms with a capacity of 250 MW each are installed at bus 59, 66, and 94. The wind power forecast error band is derived by Gaussian distribution and its forecasted wind power is shown in Fig. 4 . On both test systems, we chose confidence levels β T = 95% and 
TABLE 1. Parameters of energy storage system (ESS).
β S = 95%, namely, T ≈ 8, S ≈ 1 in the six-bus system, and S ≈ 3 in the 118-bus system [9] . The mean value of w wt is zero, and its root mean square error is subject to (15) with σ 1 = 0.1, σ 2 = 0.15, σ 3 = 0.2, σ 4 = 0.25, σ 5 = 0.3. The characteristics of ESS are presented in Table 1 .
All models are carried out using a PC with an Intel Core i7-8700k and 16 GB RAMP. Programs are coded using Visual Studio 2016 C++, and the MILP solver is CPLEX 12.8. The entire research period is one day, with a 1-hour resolution.
A. COMPARISON WITH OTHER UC MODELS
In this section, the results of the proposed model with that of other UC models including the deterministic unit commitment (DUC) model [9] , in which the spinning reserve rate is 10% (10% variations); the RUC with symmetric flexible uncertainty set [32] , in which confidence level is chosen as 95%; as well as the RRUC with asymmetric flexible uncertainty sets [15] , [26] , in which confidence level is chosen as 95% are compared on both the six-bus system and 118-bus system. Table 2 compares the operation costs of the three methods on both test systems including the fuel cost (FC), start-up costs of units (SC), risk cost (RC), WSC, LSC, total cost (TC), and number of iterations (IN), as well as computational time (T) offered by the different methods.
As shown in Table 2 , both operational cost and operational risk of the RTSRUC are lower than those of the RUC and RRUC, showing a better capability of optimizing operational flexibility and mitigating operational risk. Meanwhile, the overall operation cost of the RTSRUC is lower than that of other methods. This is because the storage system can provide the needed flexibility resource enabling the system to have more adjustment ability to accommodate the uncertainty of wind power, thus reducing the wind spillage risk and load shedding risk. It also reveals that some wind spillage or load curtailment will occur when using the proposed method even when there is enough flexible capacity offered by the generator to manage the uncertainties of wind power. This is because the ramping up/down rate limits of thermal units make the system unable to cope with the intermittent changes of high proportion of wind power at some time. It should be noted that the number of iterations and computational time of the RTSRUC are as good as that of the existing method. This is because the C&CG algorithm can accelerate convergence speed, and the computational practice presented in [30] and [31] indicated that only a few iterations are needed for the solution of such problems. The results also demonstrate the effectiveness of the proposed C&CG algorithm, and the applicability of our model to the IEEE 118-bus system. In view of these, the RTSRUC could become a promising alternative method for UC problems of power systems under uncertain renewable generations and has the potential to fill the gap between the DUC method and the RUC method.
B. FLEXIBLE UNCERTAINTY SET AND ADMISSIBILITY REGION
In the RTSRUC model, the uncertainty set is also asymmetric because of two reasons: (1) it considers both the temporal and spatial domains; (2) it considers different penalty prices for wind spillage and load shedding. Table 2 shows that the LSC is greater than the WSC even that the load curtailment is lower due to the higher penalty cost (which lowers the load curtailment).
Comparing the proposed method with RRUC on both test system, the uncertainty set and admissibility region are shown in Fig. 5 . It can be seen that both the upper boundary and the lower boundary of the proposed RTSRUC are lower than the RRUC in most periods, such as in periods 1-3, 5, 7, 9 12, 14, 16, 21 to 22 in Fig. 5 (a) and in periods 2, 8, 11 to 16 in Fig. 5 (b) . They demonstrate that if each wind farm has its own electricity storage devices, on the one hand, the maximum range of accommodating the wind generation without sacrificing system reliability is smaller, implying that it can generate less conservative results. On the other hand, the risk loss is also reduced.
C. IMPACT OF DIFFERENT FORECAST ERROR LEVELS σ OF WIND GENERATION
To analyze how the forecast error influences the admissibility ability of wind generation. Table 3 illustrates the operational risk cost under different forecast errors of wind power during different periods on both test systems. It can be seen that the operational risk cost increases as the forecast error σ increases, and it fluctuates in an uneven manner during the different periods. The simulation results indicate that the impacts of different forecast errors σ on the accommodation level of wind energy are mainly attribute to the ability of ESS to offer the needed flexibility resource to respond to the uncertainty of wind power.
D. IMPACT OF PENALTY COEFFICIENT K
The penalty coefficient K is an important parameter that influences the risk strategy. Table 4 illustrates the operation results under different values of K on both test systems. As shown in the six-bus system, it can be seen that the optimal WSC and LSC decrease while K varies from 0.1 to 10, but the total cost decreases first and increases subsequently. As shown in the 118-bus system, it can be seen that the optimal WSC and LSC decrease as K varies from 0.1 to 10, but the total cost nearly unchanged while K varies from 1 to 10. These results reflect the effectiveness of the proposed 57408 VOLUME 6, 2018 method to choose the value of K according to decision makers' subjective preferences for economy and reliability.
E. IMPACT OF RISK LEVEL
The operational cost and risk cost of the RTSRUC under different risk levels on both test systems are shown in Fig. 6 . Along with the increase of the risk level Risk da , the operational cost decreases gradually. However, when the risk level increases to a certain critical value, nearlyRisk da ≈ 1000 in six-bus system and nearly Risk da ≈ 1300 in the 118-bus system, the operation cost and the risk cost are nearly unchanged. Even when the risk level Risk da ≥ 1400 in the six-bus system, the risk cost will continue to decline. In contrast, when the risk level decreases to a certain value, i.e.,Risk da ≤ 10, the RTSRUC will not have a solution anymore. The implication is that the minimum feasible risk level in this case is 10. One observation is that the relationship between operational cost and risk level is not strictly linear. Similarly, the upper bound and lower bound of operational risk can also be obtained with the increase of risk level.
F. IMPACT OF UNCERTAINTY BUDGETS
In this section, the impacts of uncertainty budgets are analyzed on both test systems. The computational results under different combinations of T and S are listed in Table 5 , respectively. As shown in six-bus system, the total operational cost increases simultaneously while the operational risk always satisfies the given risk level, which is 7.9 × 10 5 $ in this case, as T and S increase. It also can be seen that the more widely the wind farms disperse, the smaller the total UC cost will be when fix T . Thus by tuning appropriate T and S , both the robustness and conservativeness of RTSRUC can be well balanced. As shown in 118-bus system. On the one hand, the total operational cost increases whereas the risk cost decreases as T increases when S = 1 and S = 3, respectively. On the other hand, the total operational cost decreases whereas the risk cost increases as S increases when T = 8, T = 16 and T = 24, respectively. These results show that the more widely the wind farms disperse, the smaller the total cost, wind spillage risk cost and load shedding cost will be. Therefore, if a better decision regarding the geographical dispersion of wind farms is made, the WSC and LSC can be reduced significantly. They also demonstrate that properly tuning the levels of T and S is critical to obtain the best performance of the robust UC model and that the robustness and conservativeness of the RTSRUC can be well balanced. Therefore, if we make a better decision regarding the geographical dispersion of wind farms, the risk cost can be reduced significantly. The computational times under different wind farm uncertainty budgets are also listed in Table 5 , which demonstrates again the effectiveness of the proposed methodology.
G. IMPACT OF FLEXIBLE CAPACITY E max w
In this section, the impact of flexible capacity E max w on the dispatch results is discussed while each wind farm has its own electricity storage devices. Table 6 gives the operation results when E max w is set at 100, 200, . . ., and 700 MWh. As shown in Table 6 , more flexible resources are provided as the storage capacity increases, which enable the system to have more adjustment ability to accommodate the uncertainty of wind power. Moreover, the ESS can reduce the fuel cost, start-up cost, and risk loss cost greatly. When E max w = 600 MWh or E max w ≈ 2 * P max g the total cost is nearly unchanged even with the increase of storage capacity. This is because the flexible resource provided by the generator is large enough to manage the maximum uncertainties and variable levels of wind power penetration.
H. IMPACT OF TRANSMISSION CAPACITY
To clarify the impacts of flow transmission capacity on the dispatch solution, we compare the results when the flow VOLUME 6, 2018 transmission capacity decreases from 1 to 0.7 of their original values at a step of 0.05 on both test system. Table 7 illustrates the optimal solution as the transmission is reduced. As shown in Table 7 , if each wind farm has its own electricity storage devices, there will be no feasible solution when the transmission capacity is reduced to 0.75 in the six-bus system and 0.7 in the 118-bus system. However, if no ESS available, there will be no feasible solution when the transmission capacity is reduced to 0.95 in six-bus system and 0.75 in 118-bus system. This is because the operation dispatch is carried out in a larger feasible region considering ESS. Moreover, the optimal cost including the fuel cost, start up/down cost, risk loss and total cost increases as the transmission capacity decreases.
In the following, we assume the line flow limit is sufficiently large, i.e., F max l = ∞, and the optimal dispatch results on both test systems are shown in Fig. 7 . It can be seen that the operation cost reduces greatly as the storage capacity increases. Same as the above conclusion, the dispatch cost becomes a constant even with the increase of storage capacity when E max w = 600 MWh or nearlyE max w ≈ 2 * P max g . This is because the flexible resource is enough to manage the uncertainties of wind generation.
I. SCHEDULING STRATEGY OF ESS
In this paper, a real-time coordinated scheduling strategy (5i) and (5j) for ESS is proposed. Its aim is to make full use of the characteristics of ''anti-peak'' of wind generation and the adjustment ability of ESS, which are beneficial to improve the capacity of accommodating wind generation. Fig.8 illustrates the scheduling strategy of ESS on the six-bus system. Fig. 8 (a) shows the scheduling results of ESS in day-ahead UC, Fig. 8 (b) and Fig.8 (c) give the comparison results with and without the constraints (5i) and (5j) in the re-dispatch stage.
After the unit status and the charging/discharging status of ESS are determined in the day-ahead UC (as shown in Fig. 8 (a) ), the coordinate constraints (5i) and (5j) in second stage limit the charging/discharging status during some special periods, such as the off-peak periods and the peak load periods (as shown in Fig. 8 (b) ). Constraints (5i) and (5j) ensure the continuity of the charging/discharging process, and the switching times of charge/discharge of ESS is 8. When we do not consider the scheduling strategy (5i) and (5j), the switching times of charge/discharge of ESS is 18 (as show in Fig. 8 (c) ). Therefore, compared with the strategy without constraints (5i) and (5j), the strategy with constraints (5i) and (5j) reduces the switching frequency of charge/discharge, thus reducing the wastage of the energy storage itself. On the other hand, it also ensures that the scheduling strategy of ESS is consistent with peak regulation of the power grid. Therefore, the proposed coordinate constraints (5i) and (5j) limit that ESS can only be in the charging status during the off-peak periods and in the discharging status during the peak load periods. In the sub-problem, if the actual wind power output is higher than the wind power prediction, the redundant wind power can be charged to ESS. Otherwise, if the actual wind power output is lower than the wind power prediction, in this case, we can reduce the charging power but it can not be discharged. Such constraints ensure that the scheduling strategy of ESS is consistent with peak regulation for the power grid.
VI. CONCLUSIONS
To solve the aforementioned three key issues, in this paper, from a widely different point of view, a risk-based two-stage robust unit commitment model in which each wind farm has its own electricity storage system is proposed for managing the large-scale wind power uncertainty and volatility. To address the first issue, a polyhedron uncertainty set is constructed while considering the temporal and space correlations among the wind farms to overcome its conservativeness. The boundaries of the uncertainty set of wind generation can be determined in the optimization without sacrificing the reliability. For the second issue, the proposed method can flexibly adjust the uncertainty set by optimizing the operational risks including the wind spillage risk and load shedding risk. Moreover, it achieves a lower operation cost and a better tradeoff between the operation economics and the robustness of the solution especially when asymmetric flexible uncertainty sets are applied. On the one hand, it can make a feasible operation schedule by offering a proper risk level with the large variations of wind generation; on the other hand, a lower operation cost is obtained by balancing the economics and the operation risks when accommodating wind power variations. For the third issue, the results demonstrate that the use of ESS does not expand the solution room for the dispatch strategy but may reduce the risk loss.
APPENDIX
In this paper, the CVaR index of wind power uncertainty w wt is linearized by the piecewise linear approximation method (PLA) [15] , [16] ; the details of PLA treatment are given as follows. The diagram of the piecewise linear PDF and CDF of w wt is shown in Fig. 9 .
Taking the overestimation of wind power as an example, as shown in Fig. 10 , the steps are as follows:
Step 1:
is divided equally on the transverse coordinates of w wt . Suppose the interval is divided into s 1 , . . . , S u segments, and the coordinates of each section are x 0 , . . . , x s . In this paper, let S u = 4.
Step 2: According to the known PDF curve, the corresponding probability value P rx s ( w wt ) of each section point can be obtained, with the piecewise linearization function of PDF given as 
Step 3: from (A4), the CVaR in each approximate piecewise linear curve (the red curve in Fig. 10 ) is formulated as 
x u wts , x u wt,s+1 : the output deviation of wind power corresponding to the left endpoints and right endpoints of the line segment s, respectively.
Similarly, (2e) can be approximated by a linear expression using the PLA method and transformed into the following expression: 
x l wts , x l wt,s+1 : the output deviation of wind power corresponding to the left endpoints and right endpoints of the line segment s, respectively.
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